Study region: Virginia, United States. Study focus: Climate change is expected to impact the intensity and severity of droughts; therefore, it is necessary to simulate future drought conditions using temperature and precipitation projections and hydrological models to derive reliable hydrological variables and drought indices. The objective of this study was to evaluate climate change influences on future drought potential and water resources in five major river basins in Virginia. In this study, the Soil and Water Assessment Tool (SWAT) and Coupled Model Intercomparison Project Phase 5 (CMIP5) climate models were used to compute a Standardized Soil Moisture Index (SSI), a Multivariate Standardized Drought Index (MSDI), and a Modified Palmer Drought Severity Index (MPDSI) for both historic and future periods. The drought conditions were evaluated, and their occurrences were determined at river basin scales. New hydrological insights for the region: The results of the ensemble mean of SSI indicated that there was an overall increase in agricultural drought occurrences projected in the New (> 1.3 times) and Rappahannock (> 1.13 times) river basins due to increases in evapotranspiration and surface and groundwater flow. However, MSDI and MPDSI exhibited a decrease in projected future drought, despite increases in precipitation, which suggests that it is essential to use hybridmodeling approaches and to interpret application-specific drought indices that consider both precipitation and temperature changes.
Introduction
Drought is one of the most prevalent natural hazards, adversely impacting water resources, the environment, agriculture, and the economy (Sternberg, 2011; Vasiliades and Loukas, 2009) . Droughts have been occurring frequently in many parts of the world, and their impacts are being exacerbated by climate change (Dai, 2011) . More specifically, global surface temperatures will continue to increase due increases in greenhouse gas emissions (IPCC, 2007; Qin et al., 2014; Pachauri et al., 2014) . A warming climate will also lead to an increase in extreme climatic events, such as floods and droughts worldwide (Leonard et al., 2014) . Evaluation of future drought incidence is fundamental to water resources management and planning, and this requires investigation of historical droughts and their impacts Singh, 2010 Sehgal et al., 2017) .
In recent decades, the frequencies and severities of drought conditions in the United States have increased significantly (Changnon et al., 2000; Karl et al., 2012) . Approximately 10% of the total U.S. experienced either severe or extreme droughts at one time during the 20th century (NCDC, 2002) . Specifically, droughts can explain 17% of all weather-related disasters that occurred in the rate of incidence (VDEM, 2013) . It is imperative that the evaluation of future drought conditions employs a reliable hydrological model, dependable drought indices, and high-resolution climate change projections to effectively characterize drought.
Thus, the objective of this study was to evaluate the impacts of climate change on the occurrence of droughts in five major river basins in Virginia, namely, the James, Roanoke, New, Rappahannock, and York river basins. This was achieved by using highresolution datasets, a physically based hydrological model, and multiple drought indices to characterize the spatio-temporal changes of future droughts. To carry out these objectives, the SWAT model was applied to compute multiple drought indices for historic and future periods, with meteorological inputs from the Climate Modeling Intercomparison Project 5 (CMIP5) models. Based on physical interpretation of the simulated hydrological variables, which were used in computing the drought indices, the relative changes in both historic and future droughts were assessed. The following sections describe approaches, the results and discussion concerning projecting future conditions, which can provide better perspectives on the spatial heterogeneity of drought conditions across the study area.
Data and methods
Fig. 1 is a flow diagram of the overall approach and methods used in this study. First, input data required for SWAT for the five river basins were generated. Second, the model simulation was carried out at daily time steps using the observed streamflow with both calibration and validation from multiple gaging stations, and the simulations were verified for the accuracy of the model estimates. After gaining confidence in the streamflow estimates, it was assumed that other water budget variables, including soil moisture and evapotranspiration, were suitable for computing the drought indices. Subsequently, three drought indices were computed and evaluated for both historical and future periods, and future drought conditions were evaluated using weekly time series, seasonal comparisons, and their spatial occurrences.
Study area
Our study area consisted of the James, Roanoke, New, Rappahannock, and York river basins in Virginia. These basins were selected because they cover 62% of the Commonwealth of Virginia and reflect hydrological and political boundaries that reflect the overall hydrological conditions in Virginia. Furthermore, these basins have experienced several severe droughts recently. The James, Rappahannock, and York river basins are the sub-basins of the Chesapeake Bay watershed, and the New River is part of the Ohio River basin. The total drainage area of the five river basins is 74,298 km 2 (James: 26,773 km 2 , Roanoke: 24,117 km 2 , New:
10,016 km 2 , Rappahannock: 6544 km 2 , and York: 6848 km 2 ). Fig. 2(a) shows the location and topography of the five river basins, and the location of stream gauge stations. Land-surface elevations range from 5 m at the eastern coastline to the western mountainous areas (1738 m). The mean annual precipitation for the James, Roanoke, New, Rappahannock, and York river basins are 1118 mm to 1172 mm. Furthermore, the mean annual temperature for the five river basins range from 13.15°C to 13.90°C. In addition, about sixty percent of the five basins consist of forest (58.85%), whereas the other forty percent is covered by pasture/hay (16.59%), developed areas (8.52%), cultivated crops (3.29%), and woody wetlands (3.85%). Fig. 3 (a) provides a time series of the mean values of PDSI from the National Oceanic and Atmospheric Administration (NOAA) (ftp://ftp.ncdc.noaa.gov/) and monthly precipitation data from 1970 to 2015 in Virginia; Fig. 3(b) represents the time series of PDSI values for each climate division. In the early and mid-1980s, late 1990s, and early and late 2000s, severe and extreme droughts struck these regions (event 1 and 2). Furthermore, there was severe drought in division 6 in the late 1980′s. H. Kang, V. Sridhar Journal of Hydrology: Regional Studies 12 (2017) 253-272 
Hydrological simulation model
The Soil and Water Assessment Tool (Arnold et al., 1998 ) is a physically based hydrological model that simulates large river basins continuously. SWAT has been widely used in research to simulate hydrology and water quality, as well as climate change impacts on drought (Wang et al., 2011; Ahn et al., 2015; Ashraf Vaghefi et al., 2014) . SWAT is based on the concept of hydrological response units (HRUs), which are a unique combination of soil, land cover, and slope. The hydrological cycle simulated by the SWAT model is based on a water balance equation (Eq. (1)).
where, SW t is the final soil water content (mm), SW 0 is the initial soil water content on day i (mm), t is the time (days), P day is the amount of precipitation on day i (mm), Q surf is the amount of surface runoff on day i (mm), E a is the amount of evapotranspiration on day i (mm), W seep is the amount of water entering the vadose zone from the soil profile on day i (mm), and Q gw is the amount of return flow on day i (mm). SW t was used to compute the Standardized Soil Moisture Index (SSI), Multivariate Standardized Drought Index (MSDI), and Modified Palmer Drought Severity Index (MPDSI), which were the drought indices used in this study. Additionally, E a , Q surf , and Q gw were used to compute the MPDSI. Furthermore, within the model, three storage volumes were represented for HRU, i.e., the unsaturated soil profile (0-2 m), the shallow aquifer (2-20 m), and the deep aquifer (> 20 m). Soil water and hydrological processes contained surface runoff, lateral flow, percolation to shallow and deep aquifers baseflow, infiltration, evaporation, and plant water uptake. The simulation of surface runoff was based on the modified SCS curve number (CN) method (USDA Soil Conservation Service, 1972) using daily precipitation data. For the estimation of evapotranspiration (ET) and potential ET (PET), the Penman-Monteith (Monteith, 1965) method was used in this study. ET and PET were also the input variables used to calculate MPDSI. The SWAT model required a digital elevation model (DEM), land use, soil, and daily values of meteorological data. In this study, a 100 m × 100 m DEM was used from the National Elevation Dataset (NED) (Gesch, 2007) , land use was obtained from the National Land Cover Data (NLCD) (Homer et al., 2004) , and a soil map was developed from State Soil Geographic data (STATSGO) (USDA, 1991) at a scale of 1:250,000.
Daily streamflow simulated by SWAT was calibrated and validated using the SWAT calibration and uncertainty assessment tool (SWAT-CUP) (Abbaspour, 2011) . We identified eleven parameters and used them in a calibration and validation process (calibration: 1990-1994, validation: 1995-1999) (Table 2) . Using the daily streamflow data from eighteen United States Geological Survey (USGS) stream gauge stations (Table 3 , Fig. 2(a) ) for calibration and validation, the model evaluation was carried out based on the Nash-Sutcliffe coefficient (NSE) (Nash and Sutcliffe, 1970) 
where Q s is the simulated river discharge at time i, Q obs is the observed river discharge at time i, and Q o is the mean value of the observed flow in the calibration processes. NSE ranges from 1 (perfect match) to −∞ and shows how well the plots of the observed and the estimated values fit with the 1:1 line.
Drought indices
In this study, SWAT was used to compute the input variables for multiple drought indices, such as the Standardized Soil Moisture Index (SSI), Multivariate Standardized Drought Index (MSDI), and Modified Palmer Drought Severity Index (MPDSI) (Mo and Chelliah, 2006) for evaluation of future droughts with CMIP5 climate models. For instance, SWAT-estimated SW t was used for computing SSI, MSDI, and MPDSI. Furthermore, simulated ET, PET, and runoff were also used to calculate the MPDSI.
Several studies have investigated multivariate drought indicators using joint distribution and probability Aghakouchak, 2013 AghaKouchak, 2015) . Typically, joint probability provides the joint behavior of two random variables (X and Y). By adopting this approach, a Multivariate Standardized Drought Index (MSDI) was developed and applied using the joint probability of accumulated precipitation and soil moisture (Hao and Aghakouchak, 2013; AghaKouchak, 2015) . The joint distribution of two variables v_: denotes the default parameter is replaced by a given value, and r _: means the existing parameter value is multiplied by (1+ a given value).
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where p is joint probability of the precipitation and soil moisture. Furthermore, MSDI can be defined as follows (Hao and Aghakouchak, 2013 ):
where ∅ is the standard normal distribution function.
In the method described in Hao and AghaKouchak (2013) , Eq. (4) was obtained using multivariate parametric copulas (Nelsen, 2006) and it required parameter estimation and goodness-of-fit tests. In this study, an alternative methodology to derive empirical joint probability, namely, Gringorten plotting position formulas, was used to alleviate the computational concern in fitting parametric distributions (Gringorten, 1963; Benestad and Haugen, 2007) , and it can be described as follows:
where m k is the number of occurrences of the pair (x i , y i ) for x i ≤ x k and y i ≤ y k , and n is the number of the observation. After the joint probability was obtained from Eq. (5), it was used as an input to Eq. (4) to estimate the MSDI. To compute SPI and SSI, the univariate form of the Gringorten plotting position formula (Eq. (6)) (Gringorten, 1963) was also used:
where n is the number of observations, and i is the rank of the measured values from the smallest. The rank of soil moisture value for historic (1970-1999), f1 (2020-2049) , and f2 (2050-2079) period changes is integrated into our analysis. In other words, the time windows that we used allowed shifting means over time, suggesting that non-stationarity is included in the analysis. Since the GCMbased precipitation and temperature used in the simulation of soil moisture accounted for non-stationarity, when the relative change in SSI was calculated, it implicitly incorporated the changing conditions. Furthermore, to preserve the distinct changes on decadal scales, the analysis was split into 2 separate windows as the uncertainty in the GCM projections was expected to become larger later in the century. Furthermore, the Modified Palmer Drought Severity index (MPDSI) (Mo and Chelliah, 2006) was also used to evaluate future drought conditions. There are shortcomings of PDSI, including the estimation of PET in the Thornthwaite (1948) formula, which is a method with surface temperature only and a parameterization of fixed available water capacity over the entire United States, which leads to the development of MPDSI. In this study, historic and future MPDSI values were computed using the input and output from SWAT and they were as follows: precipitation, ET, PET, soil moisture, and runoff. MPDSI uses water budget principles and the adjustment between the actual and climatological estimation known as "Climatically appropriate for existing conditions (CAFEC)," which is described as follows:
where PE is the potential evapotranspiration, PR is the potential recharge, PRO is the potential runoff, and PL is the potential soil TOTOPOTOMOY CREEK NEAR STUDLEY 37°39′45" 77°15′29" York River moisture loss; the coefficients α,β,γ,and δ are the ratio of the mean variables over the simulation period. More detailed descriptions of MPDSI are available from Mo and Chelliah (2006) . In this study, the weekly time step of SSI, MSDI (25-week scale), and MPDSI were computed based on the input and output variables from the SWAT model, and they were used to evaluate future drought conditions in five river basins.
Climate models
The capability of a climate model to simulate present climate and historical tendencies leads to higher confidence in the projected future scenarios (Reifen and Toumi, 2009; Wuebbles et al., 2014) . Numerous studies have reported increases in severity and frequency of droughts when extending the climate change model projections to determine hydrological outcomes (Sheffield and Wood, 2008; Dai, 2012) . For example, CMIP5 provides multi-model simulations of historic and future climates, which are comparable to various greenhouse-gas (GHC) emissions scenarios (Taylor et al., 2012) . Furthermore, the CMIP5 includes finer spatial resolution models, enhanced model physics, and an advanced set of output fields (Taylor et al., 2012) . Additionally, the CMIP5 projections have a wider range of potential increases in global average temperatures, and the archive integrates advanced climate models with recent emission scenarios (Jin and Sridhar, 2012; Rogelj et al., 2012) . Furthermore, CMIP5 with Bias-Correction Constructed Analogues (BCCA) and statistical downscaling used in this study (Brekke et al., 2013) addresses the aforementioned GCM biases and deficiencies; these approaches have been evaluated in hydrological impact studies (Taylor et al., 2012, Sridhar and Anderson, 2017; Jaksa and Sridhar, 2015) . Several studies have evaluated the CMIP5 precipitation simulations at both global and regional scales (Feng et al., 2013; Sheffield et al., 2013; Hao et al., 2013; Schubert and Lim, 2013; Sillmann et al., 2013) and concluded that the multimodel ensemble mean of CMIP5 represents the observed spatial trends of hydroclimatic variables; these studies determined that future climate projections are robust. Specifically, Nasrollahi et al. (2015) investigated how well CMIP5 climate models explain historical wetting or drying trends, as well as their spatio-temporal patterns across the globe; their results indicate that most CMIP5 models agree with observed global trends in projecting the vulnerable areas for drought.
SWAT analysis for historic and future drought projections
The SWAT model was run at a daily time step for the historic (Table 4 ). There were 480 climate grid points in the five basins from the CMIP5 climate models at 1/8th degree resolution. Therefore, the delineation of watersheds in the five river basins was done in such a way as to consider all of the climate grids.
For the historic simulation, a calibration and validation of SWAT-estimated streamflow was carried out using daily streamflows from 18 USGS stations and the SWAT-CUP module to obtain an appropriate parameter set for each basin. Additionally, other SWAT outputs such as ET, PET, soil moisture, and runoff were implicitly validated with comparisons of PDSI from NOAA and with computed MPDSI from the SWAT output. Based on the results of the calibration and validation, both historic and future simulations were performed to compute drought indices (SSI, MSDI, and MPDSI). Additionally, a parameter uncertainty analysis of drought projections was performed using comparisons of the boxplot mean and 95% confidence intervals of each drought index for the five river basins (historic and future periods of each climate model). Finally, historic and future drought indices were compared based on weekly time series plots, as well as seasonal, and spatial analysis of drought occurrences.
Using the computed drought indices, historic and future drought occurrences were identified as a recognizable drought event when the SSI and MSDI values were less than −1 (moderate to extreme drought), and the MPDSI was less than −2 (moderate to extreme drought). Subsequently, to quantify the relative change in drought, the differences between the future and past drought occurrences were computed at a sub-basin level. The period of historic simulation was from 1970 to 1999, and future simulation was conducted during two time windows, 2020-2049 (f1), and 2050-2079 (f2). Table 4 List of the CMIP5 General Circulation Model (GCMs) employed in this study.
Abbreviation Name
ipsl-cm5a-mr 3. Results and discussion 3.1. Past and future climate Fig. 4 shows the time series of precipitation and temperature averaged over the five river basins. There were increasing precipitation and temperature trends for both ensemble means of RCP 4.5 and RCP 8.5. During the historic period , the mean annual precipitation was 1118 mm, and the mean annual temperature was 13.13°C in the five river basins. Compared to the historic period, the results of RCP 4.5 indicate that the ensemble means of precipitation increased by 3.9% and 7.7%, and temperature increased by 1.65°C and 2.34°C in the f1 and f2 periods, respectively. Furthermore, the results of RCP 8.5 indicate that the ensemble mean precipitation increased by 5.6% and 10.5%, and the temperature increased by 1.92°C, and 3.55°C in the f1 and f2 periods, respectively. Fig. 5 and Table 5 show the changes in precipitation and temperature for each CMIP5 model between the historic and future periods averaged over the five basins. The X-axis represents the change in precipitation (%), whereas the Y-axis represents the change in temperature (°C). The blue and green dots represent the precipitation and temperature change in the f1 period, and the red and yellow dots are for the f2 period. Generally, the magnitude of change in precipitation and temperature during the f2 period was higher than during the f1 period for both RCP 4.5 and RCP 8.5. More specifically, the maximum precipitation increase for RCP 4.5 was 17% in the S7 model during the f2 period, whereas there was a 3.4% decrease in precipitation in the S9 model during the f1 period. Furthermore, the maximum temperature increase for RCP 4.5 was 3.0°C in the S1 model during the f2 period, whereas the minimum temperature increase was 0.9°C in the S9 model during the f1 period. Furthermore, the maximum precipitation increase for RCP 8.5 was 20.7% in the S3 model during the f2 period, whereas there was a decrease in precipitation by 1.6% in the S9 model during the f2 period. Furthermore, the maximum temperature increase for RCP 8.5 was 4.3°C in the S8 model during the f2 period, whereas there was an increase of 0.9°C in temperature in the S9 model during the f1 period. Fig. 6 shows the precipitation and temperature change for each CMIP5 model and river basin. In the case of the RCP 4.5 scenarios in the f1 period ( Fig. 6(a) ), the maximum precipitation increase was 7.71% in the S4 model for the New River basin, and the maximum temperature increase was 2.28°C in the S3 model for the Rappahannock River basin. However, there was 7.12% decrease in precipitation in the S9 model for the Roanoke River basin, and the minimum temperature increase was 0.80°C in the S9 model in the York River basin. For the RCP 4.5 and f2 period (Fig. 6(b) ), the maximum precipitation increase was 15.83% in the S5 model for the York River basin, and the maximum temperature increase was 3.09°C in the S3 model for the Rappahannock River basin. However, there was a 4.82% decrease in precipitation in the S2 model for the Roanoke River basin, and the minimum temperature increase was 1.11°C in the S9 model for the York River basin. H. Kang, V. Sridhar Journal of Hydrology: Regional Studies 12 (2017) 253-272 For RCP 8.5 in the f1 period ( Fig. 6(c) ), the maximum precipitation increase was 10.77% from the S8 model in the New River basin, and the maximum temperature increase was 2.59°C in the S3 model for the Rappahannock River basin. Additionally, there was a 3.38% decrease in precipitation in the S2 model in the Roanoke River basin, and the minimum temperature increase was 0.90°C in the S9 model for the James River basin. Finally, in the case of RCP 8.5 in the f2 period ( Fig. 6(d) ), the maximum precipitation increase was 20.91% in the S3 model for the New River basin, and the maximum temperature increase was 4.44°C in the S8 model in the Rappahannock River basin. In contrast, there was a 4.68% decrease in precipitation in the S9 model in the New River basin, and a minimum temperature increase of 2.09°C in the S9 model for the James River basin.
Figs. 7 and 8 are the spatial maps of the ensemble mean for precipitation and temperature changes over all of the basins. As shown in Table 6 , the increase in precipitation in the York River basin was highest. There were 2.25-5.92% increases in RCP 4.5, and 3.48-8.68% increases in RCP 8.5. However, the increase in precipitation in the Rappahannock River basin was lowest. There were 0.26-3.87% increases in RCP 4.5, and 1.85-7.12% increases in RCP 8.5. Furthermore, the temperature increase was highest in the Roanoke and Rappahannock River basins. Our calculations resulted in an increase in temperature between 1.71 (RCP4.5) to 1.96°C (RCP8.5) in the Roanoke River basin during the f1 period, and an increase between 2.4 (RCP4.5) to 3.64°C (RCP8.5) in the Rappahannock River basin during the f2 period.
Model evaluation and role of parameter uncertainty
In this study, the results of the simulation in the hydrology model that generated streamflow among other water budget components were calibrated and validated using SWAT-CUP, and the Sufi-2 process. The calibration period was from 1990 to 1994, and the validation period was 1995-1999. Table 7 shows the results of the calibration and validation for eighteen gaging stations, and for nearly all sites, the Nash and Sutcliffe Efficiency (NSE; Nash and Sutcliffe, 1970) values were larger than or close to 0.5, which was considered to be satisfactory for daily streamflow simulation (Moriasi et al., 2007) . Furthermore, Fig. 9 shows the time series of the calibrated and validated streamflow at several locations. Historical drought occurrences were also evaluated based on the comparisons of historic PDSI derived for each climate division from NOAA (ftp://ftp.ncdc.noaa.gov/) and the MPDSI values computed using the output variables from the SWAT simulation such as runoff, soil moisture, ET, and PET. Fig. 2(b) shows the climate divisions for Virginia and the locations of sub-watersheds that were used for comparisons of historic drought conditions. The PDSI values in climate division 1 were compared with MPDSI values from sub-watershed No. 170 in the James River basin, and climate division 2 was compared with sub-watershed No. 116 for the James River basin, climate division 3 was compared with sub-watershed No. 43 in the Roanoke River basin, climate division 4 was compared with sub-watershed No. 15 in the Rappahannock River basin, climate division 5 was compared with sub-watershed No. 64 in the James River basin, and climate division 6 was compared with sub-watershed No. 43 in the New River basin.
For each climate division and sub-watershed, historic drought events between 1970 and 1989 were evaluated to assess whether , and the lowest agreement was shown in a comparison of climate division 5 and the James River basin (62%). There were several reasons for the low level of agreements. First, the sizes of the sub-watersheds were smaller than the climate divisions. Second, several input variables of MPDSI were not calibrated. Finally, the PET estimation methods were different for the PDSI (Thornthwaite method) and the MPDSI (Penman and Monteith method). The Thornthwaite method is based on a simple function of average surface temperature and latitude, whereas the Penman and Monteith method requires additional inputs such as wind speed, solar radiation, and water vapor content. In this study, a parameter uncertainty analysis on drought projection was carried out, since the SWAT model is known to be highly parameterized and the parameters have the greatest influence on the model outputs (Saltelli et al., 2008) . In the case of SSI, decreases in the future for both RCP 4.5 and RCP 8.5, and the f1 and f2 periods are apparent, whereas other drought indices showed increases in the mean values. The drought indices were computed using the simulated soil moisture, runoff, baseflow, and ET from the model results for both historic and future periods. The parameter uncertainty in capturing the historic index is verified with distribution and confidence intervals. The uncertainty that exists in the model-derived SSI, MSDI, and MPDSI is higher or equal for the future drought indices, and this suggests that the lower and upper bounds of future projects are somewhat similar to past conditions. It is worth mentioning that the model was calibrated for historic observations of streamflows and used for future projections. In a way, this preserved the watershed conditions that are unique to each watershed based on the results of calibration and validation from eighteen locations.
Time series of drought indices
To understand the hydrometeorological relationships between soil moisture and precipitation, a weekly assessment of the SSI, MSDI, and MPDSI were performed using SWAT-simulated water budget components. Fig. 10 shows the weekly time series of SSI for Hydrology: Regional Studies 12 (2017) 253-272 each basin and the average of all of the basins. The mean values of SSI for the historic period were 0.202 and 0.220 for RCP 4.5 and RCP 8.5. However, the mean values for the future periods were −0.117 and −0.108 for RCP 4.5, and −0.070 and −0.206 for RCP 8.5. Overall, since the results for future periods were lower than the historic means of SSI, the future droughts computed based on SSI would be presumed to increase. More specifically, the biggest difference between historic and future mean values of SSI occurred in the New River basin, and they were 0.379 in the f1 period and 0.559 in the f2 period. However, the smallest difference was seen in the Roanoke River basin for the f1 period (0.262), and the James River basin during the f2 period (0.275). The SWAT model is based on the simple water balance approach described in Eq. (1), and the increase in drought conditions based on the SSI was closely related to the input variables, such as E a precipitation, Q surf , Q gw , and Table 8 shows the differences in historic and future change of EQ = E a + Q surf + Q gw for both RCP 4.5 and RCP 8.5 in each river basin. EQ was calculated based on the sum of the evapotranspiration (E a ), surface runoff (Q surf ), and amount of return flow (Q gw ). As shown in Table 8 , the greatest difference in EQ between historic and future periods occurred in the New River basin; they were 1.49 mm (f1) and 2.26 mm (f2) for RCP 4.5, and 1.91 mm (f1) and 3.06 mm (f2) for RCP 8.5. On the other hand, the smallest difference was seen in the James River basin during the f1 period for both RCP 4.5 (0.67 mm) and RCP 8.5 (0.84 mm), and in the Roanoke River basin during the f2 period for both RCP 4.5 (1.81 mm) and RCP 8.5 (2.32 mm). These results imply that higher differences in EQ had a great influence on drought conditions, which were estimated by SSI. Fig. 11(a) represents the weekly time series of MSDI for the overall average of the basins. The mean values of MSDI in the historic period were −0.771 and −0.800 for RCP 4.5 and RCP 8.5. However, the mean values for the future periods were −0.478 and −0.424 for RCP 4.5, and −0.070 and −0.206 for RCP 8.5, respectively. In contrast, with the results of SSI, the mean values of MSDI for future periods were higher than the historic means of MSDI. Thus, the results imply that there was a decrease in the multivariate perspective of droughts in the future. More specifically, the biggest difference between historic and future mean values of MSDI occurred in the Roanoke River basin during the f1 period (0.355) and the James River basin during the f2 period (0.382), whereas the smallest difference occurred in the Rappahannock River during the f1 period (0.233) and the New River basin during the f2 period (0.228), respectively. Unlike the computation of SSI, MSDI was calculated using precipitation and soil moisture. Since an increase in precipitation was expected in the future periods, the evaluations of drought conditions based on MDSI were remarkably different from SSI.
Finally, Fig. 11(c) shows the weekly time series of MPDSI as the overall average of the basins. The mean values of MPDSI for the historic period were −0.110 and −0.128 for RCP 4.5 and RCP 8.5. Additionally, the mean values for future periods were 0.370 and 0.485 for RCP 4.5, and 0.398 and 0.493 for RCP 8.5, respectively. Similar to the results of MSDI, the mean values of MPDSI for future periods were larger than the historic means of MPDSI. Thus, the results imply that there was a decrease in meteorological droughts projected for the future. More specifically, the biggest difference between the historic and future mean values of MPDSI occurred in the York River basin during the f1 period (0.547), and in the Roanoke River basin during the f2 period (0.643). Whereas the smallest difference occurred in the Rappahannock River during the f1 period (0.444), and in the New River basin during the f2 period (0.57), respectively. Since MPDSI is a meteorological drought index, their values are highly influenced by increases in precipitation. Thus, the mean values of MPDSI for future periods were higher than the historic values. Additionally, the overall differences between historic and future periods of MPDSI were higher than MSDI, which can reflect both agricultural and meteorological perspectives of drought conditions.
Seasonal comparisons of drought indices
Seasonal comparisons of the historic and future drought indices are valuable to characterize what seasons are vulnerable to Sridhar Journal of Hydrology: Regional Studies 12 (2017) 253-272 drought. Thus, seasonal drought mitigation and management plans can be obtained based on these results. Specifically, evaluation of drought conditions in the crop-growing season (April to September) could have significant impacts on crop yields in Virginia (VDEM, 2013) . Furthermore, drought conditions in the winter seasons are important since there is a groundwater recharge during the winter months (November to February) and it provides baseflow to streams during subsequent months. Fig. 12 shows the seasonal comparisons of drought indices between historic and future periods in the five river basins. The results of SSI indicate that there was an overall decrease in SSI values for all weeks of the year in the future for both RCP 4.5 and RCP 8.5. Specifically, greater differences between historic and future mean values of SSI were found in the periods between April and September (approximately 13-30 weeks of year) for both the f1 and f2 periods. The results of seasonal comparisons of SSI implied that Fig. 9 . The time series of observed and simulated flow from calibration at multiple locations: (a) USGS 02042500 (James River Basin) (b) USGS 0316700 (New River Basin) (c) USGS 01666500 (Rappahannock River Basin) (d) USGS 02077670 (Roanoke River Basin) (e) USGS 01673550 (York River Basin). The blue lines represent the observed flow, whereas the orange lines represent simulated flow.
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Journal of Hydrology: Regional Studies 12 (2017) 253-272 overall agricultural drought severities increased in the future, specifically during the crop growing seasons (April-September) in the five river basins. In contrast, the results of MSDI show that the ensemble means of future periods were higher than the historic periods, and it implied that there was an overall decrease in drought severities from multivariate perspectives of droughts in all seasons. Similar to the time series analyses, an increase in precipitation greatly influenced the computation of MSDI, and it counterbalanced the decrease in soil moisture in the future.
However, in the New River basin for the RCP 8.5 and the f2 period, higher drought severity was expected between 15-32 weeks per year. Similar to the results of MSDI, the ensemble means of the future periods for MPDSI were higher than that of the historic means, and this indicated that there was an overall decrease in drought severities when considering variables such as precipitation, soil moisture, and evapotranspiration, which are sensitive to predicting drought.
Since climate change exhibited an increase in precipitation and temperature in the Virginia regions, future drought predictions should be conducted with reliable drought indices that can consider various hydrometeorological conditions in the future. Therefore, a drought index that can consider multiple perspectives of drought would be applicable for future drought projections. Fig. 13 shows the spatial maps of the ratio of drought occurrences based on SSI for five river basins, and these were calculated using the division of historic and future drought occurrences for each sub-basin (future/historic). A value equal to or greater than 1 is represented in red and indicates an increase in drought occurrence in the future. However, other values less than 1 are represented in green and indicate a decrease in drought occurrences in the future. Additionally, Table 9 is the ratio of drought occurrences in future periods based on the results of SSI. As shown in Fig. 13 and Table 9 , there is an overall increase in drought occurrences in the future during both f1 and f2 periods in several climate models, such as S2 and S9, for both RCP 4.5 and RCP 8.5. The results of the ensemble mean indicate that there were 1.30 times more droughts in the New River basin for RCP 8.5 during the f2 period, and 1.13-1.81 times more droughts in the Rappahannock basin. From these results, it can be said that the New and Rappahannock river basins are vulnerable to agricultural droughts among the five river basins. Additionally, the results of SSI indicate that even though there was an increase in precipitation for the simulation periods, agricultural droughts occurred more frequently in some regions. As mentioned above, the SWAT model is based on the simple water balance approach described in Eq. (1), and the increase in drought conditions was related to the input variables in E a Eq. (1), such as precipitation, Q surf , Q gw , and E a . As shown in Fig. 14 , comparisons of EQ H. Kang, V. Sridhar Journal of Hydrology: Regional Studies 12 (2017) 253-272 implied that increases in drought conditions based on SSI were caused by an increase in EQ and decrease in soil moisture. Fig. 13 shows spatial maps of the ratio of drought occurrences based on the MSDI for five river basins, and these were calculated by dividing the historic and future drought occurrences for each sub-basin (future/historic). As shown in this figure, there was an overall decrease in drought occurrence for most of the climate models, while the areal extent also increased in S2 in the New River basin during the second future period (f2). MSDI was proposed to consider multivariate variables (precipitation and soil moisture) for drought evaluation, and it has been known that the onset and termination of droughts are influenced by both precipitation and soil moisture. Thus, drought occurrences derived by MSDI were different from SSI, which was influenced by increased precipitation in the future (Table 10) .
Drought occurrences
MPDSI-based ratios in the five river basins are also shown in Fig. 13 . Furthermore, Table 11 is the ratio of drought occurrences for future periods based on the results of MPDSI. There was an overall decrease in drought occurrences in the future. Since MPDSI is a meteorological drought index, it can be said that drought occurrences estimated by MPDSI are influenced by the increases in precipitation in the future (Fig. 4, Tables 5 and 6 ).
Fig. 14 shows the comparisons of historic and future change of EQ = E a + Q surf + Q gw for both RCP 4.5 and RCP 8.5 in the five river basins. The EQ was calculated by summing the evapotranspiration (E a ), surface runoff (Q surf ), and amount of return flow (Q gw ). As shown in Fig. 14 , there was a projected overall increase in EQ for every week of the year in the future. Specifically, the greatest difference for RCP 8.5 and RCP 4.5 occurred during the crop-growing season. Thus, the comparisons of EQ implied that increases in the drought conditions based on SSI may have resulted in an increase in EQ and reductions in soil moisture, and, as a result, different patterns during the growing season were evident. For example, Fig. 5 shows differences in soil moisture between historic and future periods (f1 and f2) for the New river basin in the S2 model, and it indicates that increased drought based on SSI could be directly related to a soil moisture deficit.
Summary and conclusions
Global surface temperature has risen and is expected to continue to increase due to greenhouse gas emissions, and global climate warming would, in turn, increase regional climatic variations and their effects on droughts. Thus, reliable drought monitoring and prediction is fundamentally important to the water resource management and drought mitigation plans. Additionally, understanding various perspectives of droughts would be helpful to investigate different drought properties (e.g., meteorological and agricultural).
This study investigated future drought occurrences in the James, Roanoke, New, Rappahannock, York river basins with highresolution analysis of future climate model datasets and multiple drought indices that were computed based on daily time step simulation results from a hydrological model (SWAT). The simulated results of runoff, evapotranspiration, and soil moisture were used to compute the drought indices. SWAT was calibrated and validated using SWAT-CUP and eighteen USGS streamflow stations, and it showed the potential for implementing the framework in other watersheds. Additionally, historical MPDSI was validated with available measured PDSI values from NOAA.
The results of the SSI-based drought occurrence analysis indicated that there was an overall increase in agricultural drought occurrences in the New River (1.3 times more) and Rappahannock (1.13-1.81 times more) River basins, and increase in drought occurrences were related to increases in ET and surface and groundwater flow. In contrast, the results of MSDI and MPDSI exhibit overall decreases in drought occurrences since both MSDI and MPDSI were affected by increases in precipitation in the future. Therefore, potential influences from both precipitation and temperature changes should be considered in the assessment of future drought conditions. Evaluation of future drought conditions using multiple hydrological variables derived from a hydrological model and drought indices would contribute to improving drought monitoring since various factors that influence the onset, persistence of and recovery from droughts could be considered. If future drought projections were solely based on one variable such as precipitation, the river basins in Virginia would be expected to be less impacted in the future. However, even though increases in precipitation are expected in most areas of Virginia, agricultural drought occurrences in some regions are higher than in historic periods due to the increases in temperature and ET.
It is evident that identifying and determining drought occurrences is complicated, but the application of multiple drought indices at a relatively high resolution estimated by a reliable hydrological model can provide fundamental information on the evolution of future drought. Thus, the drought projection methods suggested in this study can offer insights pertinent to drought risk management and drought mitigation strategies. f1  f2  f1  f2  f1  f2  f1  f2  f1  f2  f1  f2  f1  f2  f1  f2  f1  f2  f1 f1  f2  f1  f2  f1  f2  f1  f2  f1  f2  f1  f2  f1  f2  f1  f2  f1  f2  f1 Journal of Hydrology: Regional Studies 12 (2017) 253-272 
